When we have knowledge of the positions of nearby walls and buildings, estimating the source location becomes a very efficient way of characterizing and estimating a radio channel. We consider localization performance with and without this wall knowledge. We treat the multipath channel as a set of 'virtual receivers' whose positions can be pre-stored in a channel database. Using wall knowledge, we develop a direct positioning MUSIC algorithm that treats the wall reflection parameter as a nuisance variable. We compare this to a classic MVDR direct positioning algorithm that lacks wall knowledge. In a simple scenario, we find that lack of wall knowledge can increase location error by 7-100x, depending on the number of antennas, SNR, and true reflection parameter. Interestingly, as the number of antennas increases, the value of wall knowledge decreases.
I. INTRODUCTION
Estimation error generally increases when more uncorrelated parameters have to be estimated from the same data record. In MIMO systems it is commonly assumed that the channel between an N element array and a single antenna user is characterized by N*L independent parameters (where L is the number of multipaths), and N may be 100, 1000, or more in Massive MIMO. A step forward is achieved if the channel can instead be modeled as a sum of B directional beams and the number of parameters to be estimated is dramatically reduced to 4*B (assuming an angle, delay, and complex amplitude for each beam). Such beam-domain techniques have been shown to offer powerful performance gains [1] [2] . Taking this concept even further, it is possible to claim that if the radio environment were known exactly, the channel becomes completely deterministic given the user and array locations, meaning there are in fact only 3 parameters to estimate (the user's x,y,z position) regardless of the number of radio antennas! In other words, the user's position alone will determine the number of multipaths, their angles of arrival, and the relative phases and delays, as in a ray-tracing model.
A more realistic approach is to model the channel based on user position and one complex amplitude per path. This concept has been used in prior work [3] [4] and holds the potential for great improvements in capacity if the user location and the radio environment (walls, buildings, etc.) can be known to sufficient precision. We anticipate that this knowledge of local scatterers can be built into a 'database' which contains information learned from the local environment.
The above discussion motivates an investigation of techniques for estimating and exploiting the user's location to improve channel estimation (see also our paper [5] ). Traditionally, user location is established by extracting and processing certain features of the signal received at a group of sensors [6] , such as the Time-of-Arrival, Time-Difference-of-Arrival, Angle-of-Arrival, Received Signal Strength, etc. More recently, the Direct Positioning technique has emerged as a way to determine the user's position from the interference pattern at the various sensors.
In [7] , Direct Positioning (DP) of a single source is accomplished by computing a MUSIC spectrum at discrete points in a search grid using Virtual Sources to account for multipath reflections. Multiple arrays are processed with full or partial coherence. This is expanded to a wideband approach in [8] . A Maximum Likelihood approach in Line-of-Sight (LOS) channels is taken in [9] , which accounts for multiple users but not multipath. The MVDR algorithm is used to locate multiple users in LOS channels [10] , which pointed out the MVDR has an advantage over ML in not needing to know the number of users. A wideband MUSIC-based technique is also used in LOS channels [11] and an algorithm for non-coherently combining the APs is given. The user and virtual transmitter positions are estimated simultaneously in [12] . Databases and location are used to support higher-layer aspects in [13] .
Our paper considers DP for both MUSIC and MVDR in a fully-coherent, multi-user, multipath case. The main contributions of this paper are: 1) Multipath channels are efficiently characterized by a new 'virtual receiver' description of the channel which can be incorporated into an online database. This has numerous advantages, explained below.
2) A new localization algorithm based on generalized DP MUSIC is presented, which treats the unknown amplitude of the multipath signals as nuissance variables, and,
3) Simulations of localization performance with and without the knowledge of the local reflector positions (the 'database') let us characterize the value of this knowledge, as a function of the number of antennas and strength of the multipath.
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II. MULTISINK AND DATABASE

A. Virtual Transmitters or Receivers?
Figure 1: Ground Bounce as Virtual Source
The concept of modeling multipath as originating from an additional 'virtual source' is well known in the engineering literature, for example, to model the ground bounce ( Figure 1 ) in mobile radio channels [14] . This single bounce idea is easily extended to more complex propagation scenarios where each wall, building, etc. requires an additional virtual source to model its contribution to the received signal. In Figure 2 , we see a simple rectangular room with a single access point (AP) on one wall. The transmitted signal (Tx) arrives on a direct path, and four reflected paths from the walls.
Each signal arrives as if from a virtual source located outside the room, at a distance that corresponds to the Tx distance to that same wall. Multiple bounces can also be handled in a like manner by adding more sources. In other words, multipath signals can be modeled as 'multi-source' signals, however, the virtual Tx locations are dependent on the user position.
Instead, we can model the multipath channel as a 'multisink' signal, or a set of 'virtual receivers' (sinks) as seen in Figure 3 . Here a new virtual sink is added for each wall generating significant multipath. Seen are two APs (red X) on two walls. Each generates three mirror (or virtual) sinks, reflected outside the room (the blue and green triangles represent mirror sinks from the first and second AP, respectively). The mirror sinks are again located outside the room at a distance (d1) equal to the original distance to the wall.
Note that the order of the antennas on mirror APs is reversed, which compensates for the apparent change in angle between the original and virtual arrays ( Figure 4 ). The sum of all the paths at the virtual arrays models what arrives at the single real array.
B. Benefits of Virtual Receiver Approach
Previous authors have used the Virtual Source approach to model multipath, we believe we are the first to extend this to Virtual Receivers (Sinks). This brings several benefits, including:
1) Virtual Receiver locations are fixed and can be precomputed and stored in a database. This differs from Virtual Tx, where for each mobile Tx position, new virtual source locations have to be generated and tracked [12] . Here, once the AP is installed at a known position relative to the relevant reflectors, each reflector is accounted for by a new, fixed entry in the database.
2) Since the user's true position explicitly appears in the model, it is easier to generate Cramer-Rao bounds from the Virtual Receiver model, which require taking derivatives with respect to the user position [3] .
C. Database Concept
As mentioned above, the AP and virtual AP locations are stored in a database (see [5] ) which supports a variety of localization and communications algorithms that take advantage of site-specific information to increase capacity. User terminal localization is a key step to enable this capability.
The Database contains two separate sections ( Figure 5 ). The Location Section contains a list of antenna positions for the AP and all Virtual APs. This information encodes the local wall positions and is independent of UE location, per The second section characterizes the radio channel at each location to improve channel estimation. Information may be statistical or deterministic. For example, we could store at a list of locations the channel impulse response generated at that location for each antenna. Or we could store the space-time covariance associated with each location. A prefered approach is to store the position and amplitudes of all virtual sources associated with each location, as this list is easily updated if room features change. Use of Virtual Sinks even enables a moving mmW terminal to be informed about future look directions associated with individual APs. This database will enable powerful new communications techniques that learn the local environment. As explained in the Introduction, knowledge of user locations can partially or completely determine the radio channel characteristics. In a first step, we use the database to determine the user position. The position is translated into a channel estimate using the second part of the database, yielding lower channel estimation error and higher capacity. More accurate channel estimates can in turn be used as priors to improve the location estimate, in a virtuous cycle.
Next we investigate the performance of specific location algorithms that utilize the first part of the database.
III. DIRECT POSITONING ALGORITHMS
Direct Positioning (DP) requires a numerical search over a discrete set of possible user positions in an area, which can be computationally intensive. Lowering the complexity of the search through a multi-stage coarse/fine grid search appears feasible, and the search area can be centered on positions estimated by conventional techniques like TDoA. However, at present we are interested in determining the value of the wall location information, rather than complexity reduction which we leave for future work.
Assume that at the p-th Access Point (AP), the N antennas and RF chains are calibrated and the array response is, The signal received at the p-th AP from the k-th user is, ignored. Note that the reflection coefficient, Γ , actually depends on the wall material (permittivity, conductivity), the RF frequency, and the incident angle and polarization [14] . Hence in general, different Γp,l values are needed for each virtual receiver and will be user position dependent.
Recent propagation tests through wallboard at mmW frequencies showed losses of 1-3 dB [15] . This corresponds to reflection coefficients of -3 to -7 dB. While this helps us model reality, a practical positioning algorithm should treat Γ as an unknown nuisance variable.
The model (3.2) can be re-written in matrix form as, 
Location Section Channel Estimation Section
Antenna Positions for APs and Virtual APs (UE location independent)
Channel Characteristics per location: Number of beams, AOA, Delays, Spatial Covariance, powers, etc.
Location
Improves Channel Estimation
Channel Estimate Improves Location
We will process the received vector according to a Generalized MUSIC algorithm that uses the Location part of the database. If we have knowledge of Γ , then for each hypothetical ,
x y we can define an effective steering vector, 1,0 1, We then choose Γ to minimize the denominator, or, Next, for comparison we define a location algorithm which does not use any knowledge of the wall locations. As the unmodeled multipath will disturb the estimate, the signal processing must use the array's degrees of freedom to cancel the multipath. To accomplish this we use the MVDR algorithm that was also used in [10] .
The steering vector in the desired look direction is 0 a that was defined in (3.5) . We use the estimated covariance,
r r (3.9) with r an instantiation of (3.4), and the well-known MVDR weight vector is,
a R a (3.10) yielding the MVDR spectrum, (3.11) We also consider a Matched Filter spectrum,
x y = a R a (3.12) IV. NUMERICAL RESULTS Our numerical results focus on a basic rectangular room of size 20x30m. To simplify the results, we search over a regular grid with spacing of 0.1m and further assume that the true user position always lies somewhere on this grid. In our spectrum plots, an 'o' marks the true location of the mobiles, and a '+' shows the estimated position, taken for now to be the K largest values of the spectrum (this is sub-optimal).
The first group of results illustrates basic trends, holding two users at fixed locations (7, 12) and (9, 13) . We first consider a case with 2 APs on adjacent walls, 6 antennas per AP, ideal covariance matrices, and SNR of 20 dB. When the wall reflections are weak ( 30dB Γ = − ) both the MUSIC and MVDR spectrums have peaks at the correct user positions (not shown). When the multipath strength is increased ( 7dB Γ = − ) MUSIC finds the correct positions, while MVDR made errors ( Figure 6, Figure 7 ). MVDR is also sensitive to the estimation error in the covariance. With N=32 antennas and ideal covariance, MVDR estimated positions correctly, but when using the estimated covariance calculated over 128 vectors, MVDR had errors (Figure 8 ).
The next group of results show the RMS position error averaged over uniformly chosen user locations, versus the reflection coefficient along the x-axis. Again, we have 2 users, 2 AP, and we vary the number of antennas per AP. The covariance matrix is estimated over 128 vectors. Figure 9 (N=6) shows that all the techniques give similar performance when reflections are weak. As reflections increase, the performance of MUSIC improves as the multipaths are useful signal when the wall database is used. Note that MUSIC performance with estimated Γ is just as good as when known. However, MVDR and MF deteriorate noticeably with stronger reflections. We now see the value of the wall location knowledge: At Γ=-15 dB error increases 7x without it; at Γ=-7 dB, error increases 100x without it! Increasing to N=10 (Figure 10) shows the gap between MUSIC and MVDR/MF begins to decrease. With enough spatial degrees of freedom, even MF is able to benefit from the near orthogonalization of the multipath. Lack of wall location now increases the estimation error by 35x. So wall location info is worth a bit less as the number of antennas increases. Finally, it is observed in Figure 11 that MF may even outperform MVDR, as MF does not suffer from the estimated covariance. With a sufficient number of antennas the matched filtering gain alone is enough and inverting the estimated covariance can be harmful.
V. CONCLUSIONS
Localization is investigated as a precursor to improved channel estimation. (See also [5] .) We studied a form of MUSIC that utilizes wall location knowledge, and MVDR that lacks it and tries to suppress the unknown multipath. Comparing these tells us something about the value of the wall location knowledge for localization. We find that lack of wall location knowledge increases position estimation error by 7-100x for common wall reflectivity at mmW. In general, as the strength of multipath increases, MUSIC localization improves, while that for MVDR and MF deteriorate. However, with a sufficient number of APs and antennas per AP, MVDR and MF performance could be acceptable. We find that MF can outperform MVDR due to errors in estimating the covariance matrix. To summarize, the value of wall location is very large (more than 7x) for a reasonable number of antennas, but decreases as the number of antennas grows. 
